Automatic extracting road intersection points is essential for applications such as data registration between vector data and remote sensing images, aircraft-assisted navigation. However, at a large scale, it is difficult to quickly and accurately extract road intersection points due to the problems caused by complex structures, geometric texture noise interference. In this context, taking OpenStreetMap (OSM) data as priori knowledge, we propose a method for automatic extraction of complex road intersection points based on fuzzy inference. First, OSM data are analyzed to obtain structural information of intersection points. Local search areas are built around the intersection points. Second, within the local search area, the candidate intersection point set are generated. Meanwhile the input image is segmented using multiresolution segmentation; then we establish a fuzzy rule to infer the road area from the segmentation result. The fuzzy indexes and rules are established for the candidate intersection point set to deduce the road intersection area. Finally, based on the results of the previous step, the road intersection points are extracted based on the line segment constraint, structure matching, and linkage equation. Three sets of high-resolution remote sensing images were used to verify the feasibility of the method. We demonstrate that the correctness and positioning accuracy of this method are superior to those of other methods through contrastive analysis.
I. INTRODUCTION
Road intersections play a bridging role in road networks, which can provide information on road connectivity and turn availability [1] . Automatic extraction of road intersection from remote sensing images is an important prerequisite for applications such as extraction and updating of road networks [2] , [3] , collecting road sample collections from satellite images for deep learning models [4] , [5] , dynamic monitoring of traffic control [6] . With the deep application of remote sensing technology, road intersection points are also used in data registration between vector data and remote sensing images [7] , [8] , aircraft-assisted navigation [9] , [10] .
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These applications impose higher position requirements for road intersection points. At present, it is difficult to quickly and accurately extract road intersection points from a wide range of high-resolution remote sensing image, which is mainly caused by complex structures, geometric texture noise interference.
Scholars have conducted in-depth studies on road intersection extraction from different perspectives. According to whether prior knowledge is available, the existing methods can be divided into image-based methods and prior knowledge-based methods. Image-based methods are often used to detect intersections based on road segments [11] - [13] or image features of road intersections [14] - [16] . Zhang et al. [17] utilized spherical tensors in tensor voting to extract intersection from road segments.
Máttyus et al. [5] developed a variant of ResNet to get road segments. The intersections and complete road networks were obtained by the shortest path algorithm through the topology analysis of road segments. Indirect methods based on roads are feasible, but the problem is that they depend on the accuracy of the road extraction results, where poor results increase the complexity and uncertainty of intersection extraction. Direct methods like literature [18] , Barsi and Heipke [18] extracted the radiation, edge, texture information for different road intersections from remote sensing images. Then feed-forward neural networks was adopted to identify road intersections after training. The accuracy of the method depends on the number of training samples. Hu et al. [19] introduced the spoke wheel template operator to extract the contour of the road intersection area. Template matching is simple to perform but can easily be affected by vision and shadow. So the accuracy and recall of extracted road intersections cannot be guaranteed. Cheng et al. [20] ident-ified road intersections in SAR images using the morph-ological operator and a valley-finding algorithm, but the extracted results of this method have many error points. Moreover, the parameter setting is not adaptive.
The geometric and texture information for road intersections is more obvious with improved image resolution. This is because road intersections not only are complicated in structure, but also have vast disturbances (e.g. road signs, vehicles, buildings, greening) around the local area. Thus, image-based methods are difficult to accurately extract road intersections from high-resolution remote sensing images. Therefore, some researchers turn to prior knowledge to improve the accuracy and recall of road intersection extraction from remote sensing images. Prior knowledge-based methods can be divided into two categories. The first classifies road intersections by transforming the knowledge of geospatial data into prior knowledge and extracts road intersections by building models for each type of intersection [21] - [24] . For instance, Zhou and Li [25] used intersection points clustering and distance thresholds to identify intersection structures in vector data. Habermann et al. [23] proposed a ''featureclassification-structure modeling'' algorithm to detect road intersections from vehicle point cloud data. Huang et al. [2] computed road intersection structures by k-segment principle curve fitting through spatially clustering nearby low-frequency vehicle GPS trajectory data using longest common subsequence and directions of trajectories. This kind of methods is prone to deviation. It is difficult to ensure that the intersection points are matched at the road intersections of remote sensing image.
The other type uses the intersection points provided by road network vector data to establish search buffers around road intersections, which improves the automation and correct of road intersection extraction from remote sensing images. For example, Ravanbakhsh et al. [26] adopted the deriche edge detector and quadratic polynomial fitting to extract road intersection contours. Although this method improves the integrity of intersection extraction, quadratic polynomial fitting has difficulty addressing complex intersections. Based on previous studies, Ravanbakhsh et al. [27] used the ziplock snake model to fit the outer contours of intersections, which improved the accuracy of intersection contour extraction to a certain extent. Ruiz et al. [28] employed texture features and multiscale segmentation to detect road intersection areas. Literature [28] calculated the locations of intersection points based on the spatial information for road intersections. This method can extract only vertical or orthogonal road intersections effectively. Chen et al. [29] raised a new method for road junction detection and delineation from airborne. In [29] , the roughness-enhanced Gabor filter and higherorder tensor voting (HOTV) were incorporated to recognize clusters of junction candidates from LiDAR data. Then the geometric template matching was utilized to extract the intersections in image. HOTV algorithm has an uneven voting problem, especially short and narrow road branches.
In order to improve the positioning accuracy of road intersections, we take OSM data as prior knowledge and propose an automatic method for extraction of road intersection points based on fuzzy inference. The specific algorithm is described in detail in Section II. Section III introduces the quantitative evaluation methods and methods related to parameter settings. The advantages and disadvan-tages of the method are discussed using three sets of experimental images and comparison methods. Section IV summarizes the content of this article and proposes future work directions.
II. MATERIALS AND METHODS
The overview of our method is shown in Figure 1 . The specific process includes four steps. First, the road network vector data in OSM are analyzed. The structure and topology information for road intersections are obtained from road network vector data to generate a local search buffer and the prior knowledge of roads. Second, in the buffer area of the intersection, the candidate intersection point set and segmentation result are generated. For the former, we use line segments to express image structures of the road intersection from the analysis of the road geometric feature. At the same time, we obtain the segmentation result via a multiscale segmentation algorithm based on superpixels according to the texture homogeneity of road intersections. Third, combined with the prior information and the results of the previous step, an intersection extraction model based on fuzzy inference is established to complete the extraction of the road intersection region. Finally, on the basis of the above results, the intersection points are extracted via the segment constraint, structure matching and linkage equation methods.
A. PRE-ANALYSIS OF OPENSTREETMAP DATA
OSM data, as a priori knowledge, provide the structure and topological information about road intersections [22] . We divide the plane road intersections into three categories according to according to structure types. The first class is the typical road intersection structure (e.g. Figure 2 (a)-(c)), which is often detected and processed by existing literature methods [11] , [18] , [26] . This kind of road intersection is gener-ally composed of an intersection point and three or more three road segments. The second class is the complex typical intersection structure (e.g. Figure 2 (d)-(f)) which are com-posed of road of different grades. In the actual scene, the width of the high-grade road is designed to be large. Its structure is mostly represented by at least two parallel road centerlines. The road intersection represented in Figure 2 (f) shows a compound road intersection, which consists of a main road and auxiliary road. The third class is the round-about road intersection structure (e.g. Figure 2 (g), (h)). The structure of a roundabout intersection is composed of a circle located at the center and branch routes connected with it.
Therefore, it can be considered that complex road intersections can be composed of multiple typical structures. We can further extract the complete complex road intersection by extracting each typical intersection. We define the road intersection information provided by priori knowledge using the following equation:
Loc represents the coordinates of the central point of the search buffer, Num represents the number of roads intersection points, and Relation (p 1 , p 2 , . . ., p Num ) stores the information about the intersection points. The equation for p i can be expressed as follows: where p i is the i-th intersection point in the road intersection structure, loc i represents the location of p i , n is the number of roads connected by p i , and the element angle i j in Dir i belongs to the j-th road direction angle.
The structure and topology information for intersections play an important role in the road intersection extraction system. Initially, we take Loc from Equation (1) as the center and create a square search buffer with a size of W × W to avoid unnecessary search areas.
B. GEOMETRY AND TEXTURE OF INTERSECTIONS 1) GEOMETRIC ANALYSIS
From a geometric characteristic perspective, the variation probability of the width and curvature of the roads connected by intersection is small. The edges near road intersections are often curved in radians for safety reasons. We find that the points where the edge line segments intersect are roughly distributed in the local area of the intersection. In view of the characteristic, this paper introduces a geometric semantic analysis based on local road intersections.
We first need to extract the edge line segments of road, which facilitates the subsequent extraction of candidate points at intersections. Road has significant linear edge character-istics in the image, so the probability of the longer segment becoming the road edge increases accordingly. At present, some well-known image line segment detection methods exist, such as the Hough transform, which is a classical top-down line segment extraction method [30] . However, choosing the best parameters for this type of algorithm is difficult, as is determining the location of the endpoint of the line segment. Therefore, the Hough transform can easily result in false line segments and missed detections. Another line segment extraction method is the bottom-up method, which is typically represented by the edge chain code method and the phase marshalling method [31] . The principle of the edge chain code method is relatively simple, it requires minimal computation, and it is suitable for real-time processing. However, it still has some shortcomings, as its results can include fragile and extraneous meaningless lines. The phase grouping method is based on the edge point phase as the main constraint criterion in chain code tracking. The accuracy of the line segment generated by this method is high. However, local white noise, the phase of the starting point and the threshold of phase grouping can all cause the phase staggered grouping problem, which reduces the integ-rity of line segment extraction. In view of the above problems, this paper adopts a method for line segment extraction based on chain code tracking and phase verification proposed by [32] . This method reduces interfere-ence from noise and can effectively extract complete road edge segments.
Based on this geometric information, we use the results of edge line segment extraction to obtain the candidate line segment intersection point set through line segment matching and line segment combination. The candidate line segment intersection point set is used as the basis for judging the intersection area. The specific steps are as follows:
• Line segment matching. Within the search buffer, a line segment set with n elements is established based on Equation (2) . As shown in Equation (3), any line segment acquired in the buffer zone is selected as a line segment to be matched and judged by comparing it with all road directions (by Angle) constituting the intersection. When Equation (3) is satisfied, the current line segment is stored in the line set belonging to the direction angle i j .
where flag is used to judge the relationship between the current line segment and the direction of all roads constituting the intersection and angle line is the direction of the line segment to be matched. angle i j is the direction of the road, and α is a threshold that limits the absolute difference of the direction angle.
• Line segment combination. Based on their length attributes, all the line segments in each line segment set are arranged in descending order. Only the top five line segments are selected from different line segment sets to participate in combinatorial operations. The combination of line segments should meet certain distance requirements (Figure 3 ). One is that the distance between the endpoints of the line segments must not exceed D max (Figure 3 (a) ) when the extension lines of two line segments intersect at a single point. The other is that the distance between the extended line and the other line segment may be no greater than D max (Figure 3 (b) ) when the extended line intersects with another line segment.
• Candidate intersection point set (CIPS). We store the point at which line segments intersect the CIPS if the distance of line segments meets the requirement. We also define the weight attribute of these points. The weight is determined by the lengths of the line segments forming the point:
where L point represents the length of the current point, length α and length β represent the length of the line segment in direction α and direction β, respectively, and W point represents the standard weight of the current point. Figure 4 illustrates the analysis process of road geometric characteristics in the local intersection area. Figure 4 
2) IMAGE SEGMENTATION
Image segmentation is one of the fundamental stages of road intersection extraction. A road intersection is a polygon object with similar radiation and texture characteristics as VOLUME 8, 2020 roads in high-resolution remote sensing image, but there are mass disturbances caused by buildings, bare ground and shadows that have characteristics similar to roads. This interference makes it difficult to avoid over-and under-segmentation when using threshold segmentation methods based on radiation information alone. As a result, some scholars have turned to multiresolution segmentation [28] , [33] , [34] . Multiresolution segmentation has the characteristics of a bottom-up approach. Under the premise of ensuring the maximum homogeneity of pixels in the same segmentation unit and the greatest heterogeneity among different segmentation units, the region merging method is used to complete image segmentation. We adopt the proposal of [35] employing the spatial-constrained color texture model for image segmentation. The model uses the gray level, texture features and spatial constraints to measure the distance between adjacent regions. Equation (6) provides the definition for the similarity required for merging regions i and j. The final segmentation result is obtained by using the step-by-step optimized region merging process:
where N is the region area, G c and G t are the gray level and texture distance of the two regions, respectively, and w c and w t are the corresponding weights, which are estimated automatically. Here, l represents the shared boundary of regions i and j, and λ is a shape parameter. Local image is divided into different objects with similar semantic information by the method of [35] . Each object has radiation, location, geometry, shape, and texture information. This step provides the processing primitives for subsequent operations.
C. ROAD INTERSECTION AREA EXTRACTION
During intersection identification, on one hand, the gray values in an intersection are not always the same because there are differences in the construction time and road grading. On the other hand, there have similar radiation, geometry, shape or texture features between road and nonroad classes. Therefore, it is not feasible to accurately and definitively identify road intersections. Instead, fuzzy inference provides an effective tool for expressing such uncertainties. Therefore, this paper combines an indirect method and a direct method to design a reasoning rule, and road intersection fuzzy judgment is applied to complete the extraction of road intersection area. Among these, the indirect method involves making road judgments based on image segmentation to determine the candidate road intersection and provide a corresponding membership degree, while the direct method is based on the indirect method; it starts by using the geometric structure of the road intersection to identify candidate road intersections. Consequently, the fuzzy road intersection inference model proposed in this paper includes two steps: an indirect method and a direct method.
1) INDIRECT FUZZY INFERENCE
Different types of object features, such as geometry, structure, topology, and texture information, can be described by indicators [36] . Therefore, it should be unique enough to identify the road surface in remote sensing images. Therefore, according to the overall structure of the proposed method (Figure 1) , we use three indices as input variables to the fuzzy inference that describes each object: shape index, curvature index and texture index. These indices are mapped to corresponding fuzzy sets with a given membership degree (see Table 1 ). Then, a set of fuzzy rules is used to evaluate these fuzzy sets and obtain the road area.
Shape index. In the search area, a road section can be approximated to a rectangle with a given width [36] . Based on this feature, the minimum outer rectangle of the object is calculated. Its longer-side length should be longer, and its shorter-side length should be wider. The formula for calculating the index is reported in Table 1 .
Curvature index. The curvature index is the standard deviation of the curvature variation in the central line segment of an object. In local road intersection areas, roads are usually designed without many sharp bends [36] , [37] . Using the absolute values of all the deflection angles of the main line of object skeleton, the standard curvature change values of the object are calculated (Article 2 in Table 1 ).
Texture index. In this paper, the texture information for each object is expressed by the entropy value of GLCM. The entropy value of a road area is generally small, which enhances the difference between roads and other objects [38] .
The probability that each object is a road is determined by the corresponding membership function. The parameters of the membership function are set through expert knowledge [39] and the different values of test indicators. Since the indices values for all objects are assigned to associate assigned to assign to associated membership functions, the fuzzy sets are analyzed using a set of rules. This information allowed us to construct a set of fuzzy rules to evaluate these fuzzy sets and obtain the classes to which they belong to as output. We constructed the classification rules as follows:
• When Shape is high and Curvature is low, Road Likelihood is high;
• When Shape is high and Curvature is Medium, Road Likelihood is high;
• When Curvature is low and Entropy is low, Road Likelihood is very high; • When Curvature is medium and Entropy is low, Road Likelihood is very high;
• When Curvature is low and Entropy is medium, Road Likelihood is very high. The output fuzzy set distribution is shown in Figure 5 . In this paper, the maximum membership method is used to defuzzify the system output, generate an accurate value, and then assign the corresponding categories to the regional pixels.
2) DIRECT FUZZY INFERENCE
After the above steps, we obtain the road area and can further extract the intersection area. On this basis, we propose two new discriminant indices: the point distribution index and the weight index.
Point distribution index. Through the analysis of Section 2, most of the points in the candidate point set are located in the root region of the intersection. A circular search buffer is established based on the candidate root region, and the intersections in the buffer area are counted.
Weight index. The weights of candidate points also represent the degree of membership of the intersection root region. The definition of the point weights is described in detail in Section 2.
We take the intersection shown in Figure 4 as an example of the two indices created above. Figure 6 (b) is the result of road segmentation in the local area of the intersection. We can obtain a candidate intersection area. A circular buffer zone is built around this region. We specify the buffer radius as the width of the road. According to the results shown in Figure 4 (d), the number of candidate intersection points in this region is 20, and the standard weight is 1. Hence, According to table 1, the point distribution index of this region is 1(Large), and the weight index is 1 (High). The following fuzzy rules are set to further identify the road intersection area:
• When the point distribution is large and the weight is high, the intersection is high;
• When the point distribution is small and the weight is high, the intersection is high. Using these above fuzzy discriminant rules, all the candidate intersection areas are judged, and the road intersection VOLUME 8, 2020 is finally obtained based on the membership degree of each candidate area.
D. ROAD INTERSECTION POINT EXTRACTION
Using the road intersection area extracted in the preceding step, we finally need to extract the road intersection point. The process of point extraction is as follows:
• Line segment constraints. After classification, the road areas are often adhered to some nonroad areas, which affects the accurate positioning of intersection points.
To solve this problem, this paper uses the extracted effective road edge segment as a constraint. In the extracted road binary image, the pixel gray value of the edge line position is assigned the value of 0 in the fracture and adhesion areas.
• Road intersection point extraction. The initial point may deviate from the actual location, which does not meet the requirements for accurate extraction. By combining the a priori information and the initial points provided by the OSM data, the road intersection points can be matched accurately. However, when the geometric information and the texture features of intersections are invalid, this method cannot correctly extract intersection point. Therefore, we used intersection topological information to establish a linkage equation (Equation (7)). The coordinates of the unextracted point are adjusted by using the correct connected point:
Figure 6 (a) shows the road extraction results, where the blue color represents the road area. Figure 6 (b) is the superposition diagram of the edge line segment and road area, realizing the fracture of the adhesive region. Figure 6 (c) shows the superposition image effect of the road intersection point and structure.
III. RESULTS
In this section, we perform three experiments with three different images in order to show the effect of our method. In addition, we choose [27] , [28] as the comparative methods. These two methods all uses the intersection points provided by road vector data to establish a search buffer. But these two methods extract intersection contours and intersection points from different angles. Literature [27] considered geometric edge information while Literature [28] used segmentation and texture feature.
A. EVALUATION INDEX
We select three parameters as the quantitative analysis indicators of the results: Num refer (the number of all reference intersection points), Num extr (the number of all extraction intersection points), Num corr (the number of matched intersection points). We counted the number of intersections (Num refer ) of the reference road network data by computer, among which the reference road network data were drawn manually. We also employ three common evaluation indexes defined by Wiedemann [11] , [40] to test the strength of each method. These metrics include the completeness (COM), correctness (COR), and root mean square (RMS) error.
Completeness is the percentage of the reference road intersection point data that could be extracted. Completeness is described by the following equation:
COM =
Num extr Num refer (8) Correctness represents the percentage of correctly extracted road intersection point data. Correctness is described by Equation (9):
Num corr Num extr (9) RMS difference expresses the average distance between the matched intersection points and corresponding reference intersection points. RMS is defined by Equation (10):
Num extr (10) There is still a small positional error in hand-drawn data to some extent. We set up a specified buffer for the points in the reference data for a better expression of the positioning accuracy. The extracted points in the buffer can be referred to as correctly matched points.
B. PARAMETER ANALYSIS
This method involves setting some threshold parameters. Therefore, we discuss and analyze these contents as follows:
• Search buffer size (W × W ). Through analysis of the OSM data, we obtained the general locations of road intersections in the image and were able to automatically acquire the locations of some high-resolution image intersections. However, there are some deviations between the road network of OSM data and the actual road network in the image. In addition, due to the influence of different road types and satellite sensors, the road widths cannot be unified. Therefore, considering the above two aspects, the buffer size is set to 128 × 128 pixels, which is sufficiently large to adequately cover the cross-sectional area and reduce the noise interference. Directional threshold ( α). The directional threshold is used as an absolute difference threshold for the road direction angle between the segment to be matched and the prior information. This threshold can restrict the directions of all the lines in the buffer zone and prevent interference from nonroad edge lines; thus, the threshold should not be too large. However, because errors exist between the road direction and the road direction provided by the prior information in the image, an excessively small threshold will lead to the loss of effective line segments. Therefore, this paper sets α to 8 • synthetically.
• Line number threshold. This parameter is designed to reduce the impact from off-road segment noise on the candidate points by utilizing a segment length constraint. In image processing, it is generally believed that the longer a line segment is, the larger the amount of information it contains. In contrast, too-short line segments not only are of little significance but also affect the machine's recognition of the image. Therefore, we set the threshold to 5 after analyzing multiple sets of data. The five longest line segments are extracted from the line segment set and stored in the line segment candidate set. When the candidate segment set contains fewer than 5 lines, all the segments in the segment set are stored in the candidate subset.
• The threshold distance (D max ) between two line segments is used during line segment combination. We expect this threshold to achieve the combination of two road edge segments in most search areas, but the threshold setting should not be too large. Based on [10] and multigroup data tests, D max is set to half the search area edge length (W ).
C. EXPERIMENTAL DATA 1) FIRST EXPERIMENT
To verify the performance of the proposed method, we first selected a high-resolution panchromatic image of geoeye-1 (Figure 7) with a spatial resolution of 0.41 m. The scene is from Hobart city, Australia and measures 3000 pixels by 3000 pixels. The shape of the road in this image is irregular, the type of road intersection is complex, and the width and texture amplitude of different roads that make up the intersection vary greatly. Figure 8 (a) shows the extraction results of road intersection points in this research area. In fact, there are 126 road intersection points in the image, and OSM data provides information for 110 road intersection points. As indicated in Table 2 , we can extract 105 road intersection points and accurately extract 101 points. The proposed method can extract most of the intersecting points in the image, and its accuracy can reach more than 95%, which fully demonstrates the reliability of our method. The duration of the processing of the first study area was 218.48 seconds.
To further demonstrate the effectiveness and universality of the proposed method, three representative road intersections from the extracted results are selected for the introduction.
The complex intersection (the first one in Figure 8 (b) ) belongs to the third category of Figure 2 . It can be seen that there are vehicles, zebra crossings and other noise inside the intersection in this area, and the adjacent ground objects (buildings, bare land, etc.) have texture information similar to that of the road. The first picture of Figure 8 (d) shows the effective line segment of roads in this case. Affected by the missing line segment, we can only obtain the CIPS of three intersection areas (the first picture of Figure 8 (e) ). The segmentation results of road in Figure 8 (f) were also not satisfactory. We use the direct fuzzy inference to obtain the candidate areas of the three intersections shown in Figure 8 (g). The initial intersection points identified by the candidate area have deviation from the actual one. Therefore, we modified the position of intersection points by line segment constraint and structure matching. The modified position conforms to the actual situation. On this basis, the positions of intersection points we lost were computed by Equation (6) .
The T-shaped intersection (the second one in Figure 8 (b)) belongs to the first type of road intersection in Figure 2 , and its structure is relatively simple. However, the surface radiation characteristics of the two roads connected by the intersection are quite different, and it is difficult to identify the intersection points in this region manually. By analyzing the geometric information for the intersection, we obtain the extraction result of the road edge segment in Figure 8 (c) and the distribution result of the CIPS in Figure 8 (d) . It is not difficult to see that most of the generated candidate points are located in the intersection area, which establishes a prerequisite for the accurate extraction of the road intersection area. The second picture in Figure 8 (f) shows that the correct road regions have been extracted. On this basis, the intersection candidate area is determined by direct fuzzy inference. And geometric constraints and structural matching are used to determine the final road intersection point location.
The roundabout (the third one in Figure 8 (b) ) belongs to the third complex intersection in Figure 2 . This road intersection is an arc. Line segments of circular areas cannot be extracted. Therefore, we use the edge line segments of road arms in different directions to extract CIPS. The candidate intersections extracted by the vast majority are distributed in the ring region. In addition, the interior of the intersection has strong homogeneity. Therefore, as shown in Figure 8 (f), better road extraction results can be obtained. Through direct fuzzy inference, we extract the center point of ring. On this basis, we use formula (6) to calculate the location of the four intersection point.
2) SECOND EXPERIMENT
In the second experiment, we applied the proposed method to a GF-2 satellite image with a spatial resolution of 0.8 m. The scene is selected from Xingcheng City, Liaoning Province, China and measures 3000 pixels by 3000 pixels. The image actually has a total of 37 road intersections, and OSM data provide 31 road intersections. Figure 9 shows a comparison between the proposed method and Ruiz's method. We focus on two road intersections to show the point extraction effect of the second and third types of intersections. The intersection in the upper left of Figure 9 is quite special. There are auxiliary roads on the left and right sides of the road linking the intersection. The vector data only provides the right side auxiliary road data. The local image on the upper side of Figure 9 (b) shows Ruiz's method, indicating that when only texture information is considered, the positioning accuracy of road crossing points is not very good, and one point is lost. In contrast, the method in this paper improves the positioning accuracy of the point and uses the linkage equation to calculate another missing crossover point. Similarly, on the lower side of Figure 9 (b), the location information for the OSM data point set is not fully considered in the extraction process of [28] , so only two road intersection points can be extracted, while eight intersection points can be extracted using our method. Figure 9 (c) displays the processing results by Ravanbakhsh's method. Comparing with these two methods, our method can extract more accurate intersection point location under the verification of fuzzy inference.
3) THIRD EXPERIMEN
In third experiment, a satellite image of SV-1 covering rural areas was selected, with a size of 1000 pixels× 1000 pixels and a spatial resolution of 0.5 m. Because some roads are located inside the village, the design of road intersections is simple. The radiation information for different roads connected by intersections varies greatly, including asphalt pavement and cement pavement. There are 11 intersection points in the image. Since OSM data provide information for only 9 points, our method accurately extracts these 9 points. However, Ruiz's method was affected by village road interference and could extract only 4 points effectively. Since the types of road intersections in this image are simple, we show only the processing results of two intersections locally ( Figure 10 ). The upper side of the locally enlarged image shows that the road texture near the intersection varies greatly due to the occlusion of the building above. This variation makes it difficult to extract road intersections in the region [28] . Similarly, on the lower side of the local enlarged image, it is difficult to ensure the accurate positioning of intersection points because only texture information is used in [28] . Figure 10 (c) shows that when the road edge line segments are seriously missing, the intersection points located by [27] are deviated from the actual. Table 3 presents the quantitative results of the second experiment and the third experiment. In experiment 2, the method in this paper can correctly extract 28 intersection points, while comparative approaches obtain 26 and 22 intersection points respectively. In experiment 3, this method correctly extracted 9 road crossing points. But the two comparison methods can only respectively extract 5 and 4 road intersection points in the ''complex'' rural area image. By comparing the extraction accuracy of intersection points, it can be seen that the accuracy of the extracted intersection points is significantly better than the methods of [27] and [28] . This improvement shows that our method which combines geometric analysis with fuzzy reasoning has great advantages in both extracted quantity and quality of road intersection.
D. DISCUSSION
However, this method still has some shortcomings. For example, when the branch curvature of some intersections is large, it is difficult to obtain accurate linear information, which will lead to a large number of mismatched line segment parameters, thus leading to incorrect extraction of road intersection areas and points. In addition, all the experimental data in this paper are panchromatic images, without spectral intersection extraction. Moreover, these findings show that the fuzzy inference is effective and feasible by making full use of the OSM data and combining the geometric and texture information, and the segmentation effect is poor, which seriously affects the extraction of candidate areas of subsequent intersections. Our method is not efficient in terms of computational time (Table 2 ) because the previous extraction of the edge line requires more time.
IV. CONCLUSION
This paper presents a method for automatic extraction of complex road intersection points based on fuzzy reasoning. The algorithm successfully detected 82.07% of the road crossing points, and the average accuracy of the extraction results reached 96.5%. Compared with other algorithms, this method has advantages in terms of accuracy and positional accuracy. In view of the existing methods, we will focus on three aspects in future research:
• How to efficiently obtain the structural information about intersections and further improve the extraction accuracy of road intersection points is an anticipated direction.
• How to extract road intersection points from multi-spectral remote sensing images.
• How to use correctly extracted road intersection points to detect road intersections lost by road vector data.
